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The Brazilian economy, which endured a long period of rising inequality from the 1960s onwards, has seen an improvement in its social indicators since the mid-1990s (Azevedo, 2007) . This has resulted from a macroeconomic environment favouring the transformations caused by the stabilization of inflation and Brazil's integration into the international market. Government income transfer programs also increased substantially in that period, which led to a rise in income and a consequent reduction in poverty levels (Figueiredo and Netto Júnior, 2014) .
Nonetheless, although those indicators might lead one to believe that Brazil became a fairer country, the bibliography has questioned the way income inequality is usually treated, in which perfect equality is considered the ideal of social justice. Authors supporting this line of thought are highly diverse, ranging from the followers of the Rawlsian tradition, such as Dworkin (1981) and Arneson (1989) , who support income differences related to individual preferences, to authors such as Roemer (1998) , who propose the concept of inequality of opportunities.
Following the latter approach, individual economic outcomes depend partly on responsibility variables (defined as effort) and partly on variables that are beyond the scope of individual responsibility (defined as circumstantial). Following that line of reasoning, several researchers argue that only unfair inequality, or inequality caused by variables beyond the scope of responsibility, is socially undesirable.
Some studies have attempted to measure inequality of opportunities and its contribution to total inequality. For that purpose, direct and indirect parametric techniques have been used based on a defined functional form -as in Bourguignon, Ferreira and Menéndez (2007) -where the determinants of the counterfactual income distribution are considered by assuming that all individuals are in the same circumstances; and in Salvi (2007) , which uses panel data to distinguish circumstances and effort in time-variant and time-invariant variables.
Applying the concept of sensitivity to responsibility, Devooght (2008) measures income inequality and a fairness criterion calculated on the basis of an income function g, approximated through log-linear regression. The author only uses responsibility variables, because it is not always possible to obtain a well-defined set of variables, particularly with respect to family background (the educational level and profession of the parents); so the component of inequality that is explained by the non-responsibility variables are included in the stochastic term.
Nonetheless, that methodology raises a number of problems; in particular the endogeneity generated by the degree of relation between the effort and circumstantial variables. Moreover, in many studies, assuming a functional form for individual incomes can result in specification bias, given the random nature of the relations between the variables.
This article attempts to bridge that gap by adopting a non-parametric approach (without a functional form defined for g), with the aim of answering the following questions, based on the hypothesis that incomes essentially reflect responsibility variables: which of variable has the greatest explanatory power? Have effort variables being losing their influence in the determination of income differentials over the period analysed? Does the suppression of variables beyond the individual's control expose the results to some degree of bias?
For that purpose, the following four-step empirical strategy is used. Firstly, a specification analysis is undertaken to justify the use of the non-parametric method for estimating the income equation. The second step consists of dividing the sample into two groups of individuals, classified on an ad hoc basis as "high-effort" and "low-effort", according to each responsibility variable, and then estimating incomes in relation to each of the determinants of effort (while holding the others constant) and observing their capacity to explain income inequality in the period analysed. The curves are compared on the basis of the entropy metrics discussed in Racine (2006) . In the third step, Gini coefficients of unfair inequality are produced to measure the repercussion of the non-parametric inferences on the calculation of indices of fairness, and to verify whether the traditional parametric approach tends to overestimate those measures or not. To make inferences on the results obtained, the fourth and last procedure makes an analysis of robustness using data from the 1996 I Introduction National Household Survey (pnad). That year was chosen because the pnad published a social mobility supplement that summarizes data on the education, schooling and occupation of the parents of the selected individual (family background).
The period between 1995 and 2009 is analysed using data from the annual pnads. The effort variables used are education level, the decision to emigrate, hours worked, and labour-market status. 1 The logarithm of nominal 1 Those variables are presented in greater detail in subsection 1.c of section II, which describes the databank.
wages is used as the dependent variable (proxying for individual income).
Following this introduction, the rest of the article is organized as follows: section II includes the methodological procedures, and presents the empirical strategy which is divided into the analysis of the relation between inequality and effort, estimation of the variable without a defined functional form, and the non-parametric model. Section III is devoted to the presentation of results and discussion, along with a comparison of the distributions for each responsibility variable used and for determining the entropy metric. Section IV presents debates on the topic, and section V sets out final thoughts.
II

Methodological procedures
The objective of this section is to present the key methodological procedures of the study. It firstly highlights the theoretical concepts related to the bibliography on unequal opportunities, or unfair inequality; then, the steps in the empirical analysis are described, to clarify the study's analytical procedures (see subsection 1.a of this section). The methods involved in each step are described in subsection 1.b of this section. Lastly, the databank is presented.
The traditional approach to unequal opportunities considers that an individual's economic outcome stems from circumstantial factors, such as family background, race or gender, among others, combined with effort, which is associated with variables that can be controlled by the person in question, including years of schooling or hours worked, for example (Roemer, 1998) . 2 In short, unlike the modern egalitarian vision, 3 a society is considered fair if it guarantees the same access to social benefits to all of its members, irrespective of their circumstances, such that effort turns access to those benefits into real 2 Alternatively, inequality of opportunities can be studied by comparing economic outcomes in relation to the sets of opportunity variables. See Pattanaik and Xu (1990) and Kranich (1996) for more detailed information. Ooghe, Schokkaert and Van de Gaer (2007) provide a summary of the different approaches. 3 See, for example, Dworkin (1981) and Arneson (1989) .
gains for individuals. Put another way, only inequality the results from circumstantial variables is socially undesirable. Accordingly, equalizing opportunities means correcting unequal circumstances while keeping effort differences unchanged. 4 Nonetheless, although the concept of equal opportunities is quite simple, implementing it raises a number of significant challenges, not least the definition of the effort variable. Fleurbaey (1998) considers that effort is not observable, and uses a non-parametric approach to identify it, based on the Roemer identification assumption that multi-dimensional effort variables can be distributed independently of the individuals' circumstances. In contrast, Bourguignon, Ferreira and Menéndez (2007) believe effort is observable; and they develop a parametric model in which effort endogenously depends on circumstances. In short, effort can be considered either a latent (non-observable) variable, or not. 5 When a structure is adopted in which this is an observable factor, the traditional parametric representations are based on the fact that an economic outcome, such as the wage, 4 Discussion on the social norm of fairness is complex and involves a series of mutually conflicting perspectives. For a synthesis, see Thomson (2011) and Fleurbaey and Maniquet (2011) . 5 Bourguignon, Ferreira and Menéndez (2007) , for example, approach effort variables on the basis of years of education, the decision to migrate and the worker's labour-market status. Checchi and Peragine (2009) consider effort as a non-observable factor, thereby adopting the Roemer axiom (Roemer, 1996) ; and they assume that individuals with different opportunity sets, but who are in the same percentile of the corresponding distribution, make the same level of effort.
is a function of the variables of circumstances (C i ) and effort (E i ) following an additively separable structure:
Equation (1), however, requires the two sets of variables (effort and circumstances) to be available, which is generally not possible in most international surveys. In view of this, a variety of studies assume that the economic outcome can be determined from a series of effort variables, together with assumptions concerning the random term. Devooght (2008) , for example, applies a normative criterion under which the error term is included in the set of circumstantial variables (C i ). Following the same line of reasoning, Almås (2008) , and Almås and others (2011) , devise a criterion of fairness that is sensitive to responsibility; and they propose a Gini coefficient of unfair inequality that is applied to data from Norway. The results for the Brazilian economy are striking, because the country shows a significant reduction in total income inequality (Gini coefficient), without any alteration in unfair inequality. As the coefficients of unfair inequality are calculated on the basis of effort variables (education, hours of work, decision to migrate, and labour-market status), the maintenance of their values means that the importance of those co-variant variables in explaining the income equations have remained constant over the years. In fact, the equations contained in Figueiredo and Netto Júnior (2014) showed that the goodness of fit of the regressions (R 2 ) has deteriorated. In view of this, the authors postulate the following: (i) given that the construction of the fairness rule considers that the unobservable factors (error term) are the non-responsibility variables, a decrease in R 2 implies that these factors have a heavier weight in 2009 than in 1995. In other words, earnings density in 2009 depends much more on variables related to origin, color, and family background than on factors related to effort; or (ii) such a pattern would for instance occur if, with the quantitative expansion in the access to education, differences in the quality of education tend to matter more over time (Figueiredo and Netto Júnior, 2014) . Nonetheless, at least one caveat needs to be raised: the authors use a linear parametric structure similar to that of equation (1). If, for example, that specification is not appropriate and the relation between income and the effort variables is non-linear, the values predicted by the estimated equations (used to calculate the unfair inequality coefficients) will not be valid; nor, consequently, will the degrees of fit of the regressions (R 2 ). 6 In view of that limitation, the study proposes an alternative model which represents the economic outcome as follows:
i . Unlike equation (1), equation (2) does not impose a linear form to describe the link between the economic outcome and its covariant variables. Instead, it assumes that this relation arises from unknown functions m(·), g(·) and n(·). It also considers that E i i = p , in other words, it postulates that the two sets of variables are mutually independent. 7 This approach is inspired in the normative assumption of Devooght (2008) combined with the non-parametric structure widely adopted in economic studies. 8 The application of those methods follows the following empirical sequence.
(a) Sequence of the empirical work
The empirical strategy includes the following procedures:
(1) Specification analysis to compare the parametric and non-parametric alternatives for the income equations. This stage is necessary to avoid adopting the non-parametric structure on an ad hoc basis. (2) Creation of high-and low-effort groups. Four divisions are considered, each linked to one dimension of effort, namely: • Education: low-effort in the case of persons with less than four years' schooling and high-effort in other cases.
• Migration: low-effort for non migrants and higheffort for migrants.
• Hours of work: low-effort for persons who work less than 20 hours a week and high-effort for others.
• Labour-market status: low-effort for own-account and informal workers and high-effort for workers in the formal sector. The idea is to measure the distance between the high-and low-effort groups in a period covering several years. The identification is based on the fitted regression values. This makes it possible to gauge whether effort is losing its influence in determining incomes among the Brazilian population. (3) Using the fitted values of the non-parametric regressions, fairness criteria and Gini coefficients of unfair inequality are calculated. (4) This procedure makes it possible to establish whether the gains obtained in applying a non-parametric method for the wage regressions is significantly reflected in the unfairness indices.
Lastly, a robustness analysis is performed based on a sample of effort and circumstantial variables.
The main lines of the analysis are the hypothesis of independence between the two sets of variables and the omission of circumstantial variables in procedures (1) to (3). The data used come from the social supplement of the 1996 pnad.
The implementation of this sequence (procedures 1 to 4) is based on a non-parametric instrumental and the data set described in the next two subsections.
(b) Inference
Three non-parametric methods are used. The first is an analysis of specifications and relates to procedure (1) of the empirical strategy; in other words, the robustness of the non-parametric specification is tested against the parametric specification. The second method refers to the non-parametric estimations for the wage equations. The third, lastly, entails calculating the distances (entropies) between the low-and high-effort groups.
Specification analysis. This study chooses the kernel-based analysis developed by Racine (2006) . To understand the structure of the Racine (2006) specification analysis, the following parametric representation should be considered:
If the specification is correct, the expected error term η i conditional on x i will be equal to zero. Thus, the b estimator will be consistent. In contrast, if q(x i , b ) was incorrectly specified, following the normal linear regression structure, for example, the b estimator would be inconsistent. Consequently, the correct specification would need to be considered as the null hypothesis: 9 9 The null hypothesis is based on the consistent analysis definition. For further information, see Li and Racine (2007) .
where q(x i ,b) is a known function, b is a factor of unknown parameters, and ℵ is a compact subset of R d . The alternative hypothesis is as follows:
The null hypothesis is true if
, and An observation is in order at this point. In general, kernel-based methods are appropriate for continuous data. Nonetheless, using a frequencies method (Li and Racine, 2007, chapter 
and
The critical values are tabulated according to the wild bootstrap method. Racine (2006) presents and discusses details of the inference process, as well as the performance of the analysis in finite samples. Broadly speaking, the analysis J n t consists of several stages, including the estimation of regressions with combined or mixed data (Racine and Li, 2004) , obtaining estimates for the bandwidths of the discrete and continuous variables.
Non-parametric estimations. Many empirical studies admit a specific functional form, generally loglinear, for measuring the inequality of opportunities. Examples include Bourguignon, Ferreira and Menéndez (2007) ; Devooght (2008) , and Figueiredo and Netto Júnior (2014) . Nonetheless, parametric modelling might not be appropriate, given the uncertainty in relations between the explained and the explanatory variables. Alternatively, a non-parametric estimation does not impose functional forms for the equation, so it is capable of revealing aspects of the data structure that are not captured by the traditional parametric approach.
This study uses the constant local kernel estimator for mixed data, suggested by Racine and Li (2004) , bearing in mind that the regressions include categorical variables. The authors use a kernel function to smooth the discrete variables, which adopts the following forms: 
In short, the true income function corresponds to the conditional average of the dependent variable, and its estimator is defined as:
where Y i is the dependent variable, and K h,ix satisfies the aforementioned definition. The results of this function are summarized in the form of partial regression graphs. The explained part of the multivariate regression is plotted in relation to each effort variable, holding everything else constant, in a series of bivariate graphs. In other words, g t is plotted against the expected value of the regressors, keeping two of these at their respective averages; all of this for two different groups of individuals divided between low-effort and high-effort, according to each responsibility factor analysed. This procedure, used in Li, Maasoumi and Racine (2009) , makes it possible to compare the curves of the two groups based on the distance between them, and thus observe the capacity of those regressors to explain income inequality over time. The distances are quantified through an entropy metric, which is explained in further detail in the next section.
Distance entropy metric. The entropy metrics represent a formal quantification of the distances between the distributions. An ideal metric of the distance between two random variables has a number of desirable properties, namely: (i) it is normalized on zero, if X and Y are identical; (ii) the modulus of the measure is equal to one, if there is an exact measurable (nonlinear) relation between the variables Y = g(X); (iii) it has a value close to the coefficient of linear correlation in the case of a bivariate normal distribution; (iv) it is a true metric of distance and not just of divergence between the distributions; (v) the ideal measure is welldefined for both continuous and discrete variables, and (vi) it is invariant to continuous and strictly increasing transformations such as h(.). This is useful provided X and Y are independent, and if and only if h(X) and h(Y) are also independent.
Li, Maasoumi and Racine (2009) use entropy metrics to make inferences on the degree of fit of the models, measuring the distance between observed values and fitted values, because the traditional R 2 and other measures of correlation are inadequate if the estimated function is non-linear. The entropy used by the authors was suggested by Granger, Maasoumi and Racine (2004) and consists of a normalization with the aforementioned properties, as well as an appropriate distance metric:
where f 1 and f 2 are the marginal densities of the random variables. To improve the reliability of the results, the bootstrap method is applied to a new sample, refitting the joint distribution of X and Y.
As noted above, this study will use entropy metrics as an indicator of the inequality of effort between the groups (procedure 3). The fitted values of the dependent variable for low-and high-effort individuals will be plotted against each explanatory variable, holding everything else constant. The entropy metrics are used to calculate the distances between the curves, and an analysis of equality of univariate densities is immediately performed, based on the null hypothesis S 0 = t .
(c) Data
The data used in the study come from the pnad for the period between 1995 and 2009. They cover male heads of family, of between 25 and 60 years of age, living in urban areas. Individuals with these characteristics were chosen so as to homogenize the sample used as far as possible, restricting the analysis to individuals of active age, while also avoiding the influence of gender factors, both in the selection and in the individual economic outcomes. Heads of families were chosen because they are the main source of family income. Income is represented by the hourly wage, expressed in reais at September 2009 prices, as in Bourguignon, Ferreira and Menéndez (2007) .
The vector of effort variables is represented by: (i) the individual's years of schooling; (ii) a dummy variable for migration; (iii) the individual's labourmarket status (formal work, without a work contract, or working on own account), and (iv) weekly hours of work. High-effort and low-effort categories were defined for each of the variables, as indicated in procedure 2 of the empirical strategy sequence (see subsection 1.a of section II).
The variables were selected following Bourguignon, Ferreira and Menéndez (2007) and Figueiredo and Netto Júnior (2014) ; and they include individual responsibility factors, since, despite being influenced by circumstances, they are ultimately determined by individual choices. In the case of years of schooling, it is reasonable to assume that individuals with higher levels of schooling are those that have tried to obtain higher qualifications, they have invested in human capital so have made a greater effort.
The variables "labour-market status" and "weekly hours worked" are included because they represent the pursuit of higher wages, since individuals who work more hours and in formal jobs tend to obtain higher income. In addition, formal jobs are generally held by individuals with a higher level of schooling.
In relation to the migratory factor, individuals who decide to migrate are selected by the labour market and, according to Assis, Costa and Mariano (2012), they display a higher level of human capital, in addition to being more productive than non-migrants, except in the southeast region. Bearing those characteristics in mind, migrants would have capacity to achieve a higher level of income, which makes it plausible to include this variable as a measurement of effort.
III results
This section sets out the results of each of the steps in the empirical strategy. Firstly, the income equation specifications are analysed; then, a graphical analysis is made of the non-parametric densities, comparing income differentials between the high-and low-effort groups over the period analysed, varying each responsibility factor separately. The formal quantification of those distances is obtained from the entropy metrics for the distances between the densities of the two groups.
Lastly, robustness analyses are performed using data on the circumstances of the individuals, followed by measurement and comparison of the results related to non-parametric inequality of opportunities in Brazil.
Step 1. The analyses of the income equation specifications are summarized in table 1. As noted above, this involves comparing the parametric and nonparametric estimations of the income equations. This procedure avoids making an ad hoc decision to adopt an estimation structure. In short, the analysis undertaken by Racine (2006) demonstrates the superiority of the non-parametric models in all years investigated.
Step 2. Once the superiority of the non-parametric models has been demonstrated, the study makes inferences based on the constant kernel estimator. 11 After obtaining the fitted values for each equation, the high-and loweffort groups are identified according to the categories indicated in section II. Figure 1 displays A visual analysis shows that the education curves moved closer together in terms of inequality, and there was less dispersion in the distribution of individuals in the high-effort category. In the case of migration, the difference between the groups, both in 1995 and in 2009, is relatively insignificant and hardly varies from one year to another.
In the case of labour-market status, the distance between the density functions increases, while the dispersion of the curve corresponding to the low-effort group decreases slightly. Analogously, the difference between the distributions attributed to the hours-worked factor grows in the period, without major alterations to the shape of the curves.
Nonetheless, the distances between the curves synthesized in figure 1 need to be formally quantified, and their trend during the period analysed needs to be identified. Figure 2 shows the evolution of the distances between the fitted values of a high and low effort groups, for each effort dimension, over the period considered. 12 Any measure of entropy is useful as an indicator of divergence between distributions and thus serves as a metric of their inequality or concentration. 11 The results of the estimations were excluded from the text owing to space constraints. They can be requested from the corresponding author by e-mail. 12 The values of the entropies for each year of the series are shown in table A.1 of the annex to this article.
When considering education as an effort factor, the values of the entropies decline during the period as a whole. From 1995 to 2009, the distance between the groups, which had been slightly more than 0.50 in 1997, dropped to a level close to 0.36 in 2009. This shows that effort, measured in terms of a higher educational level, has become less important in individual income differentials. In other words, years of schooling in 1995 (entropy = 0.41) involved a higher level of income than in 2009 (entropy = 0.35) relative to individuals who had a lower level of education.
In terms of migration, the values of the entropies are lower than those of the other effort variables, which suggests that this variable has little explanatory power. Thus, the fact that an individual is a migrant does not imply a significant improvement in his or her income.
An explanation for the weak effect of migration can be found in the study by Assis, Costa and Mariano (2012) , which uses data on non-native migrants, returning migrants, and non-migrants in the states of São Paulo and Bahia, representing the south east and north-east regions, respectively. Their results show that migrants from the north-east region, particularly returnees, have higher income levels than non-migrants. The opposite is the case in São Paulo, however, because the migrants of this state are individuals who have failed to find a place in a more dynamic local market. Accordingly, as this study used data for Brazil as a whole, those effects may have cancelled each other out; and, migration has not been a factor associated with a significant wage difference between the groups at the national level.
Moreover, during the period, the distances (S p ) increased for the variables of labour-market status and weekly hours worked. The values of the entropies for hours worked were higher than those associated with labour-market status in all years, which shows that hours worked explains more of the income inequality between the groups than labour-market status. The trend of the entropies through time reveals a considerable variation in the distances for both variables with respect to the initial year. Source: prepared by the authors.
Step 3. The main question in this stage is what impact does the use of non-parametric inferences have on the fairness indicators. Figueiredo and Netto Júnior (2014) propose a method for estimating the indices of unfair inequality in the period between 1995 and 2009. The authors basically use parametric models, although they address issues related to the endogeneity of the equations and the identification of the parameters. It is beyond the scope of this study to propose more robust estimations for the measures of unfair inequality, since topical inferences, parametric or otherwise, can have biases.
Accordingly, only the comparison of the unfair inequality indices is presented here (see figure 3) , calculated on the basis of a parametric specification with these same indicators calculated using the nonparametric method. 13 It should be noted that the unfair inequality index calculated from specification (2) is always lower than the 13 See Almås (2008) and Almås and others (2011) for information on the development of the fairness criterion and the unfair inequality index. Source: prepared by the authors. value calculated by ordinary least squares (ols), although its behaviour is similar. As there is an average difference of 10% between these inferences, the parametric method tends to overestimate the unfair inequality index.
Step 4. The results shown thus far depend on a fundamental assumption: independence between the responsibility and circumstantial variables. In other words, it is postulated that hours of work, education, the decision to migrate, and labour-market status are not affected by the circumstantial variables, such as family background, gender or race.
That assumption is often made in the bibliography on unequal opportunities (see O'Neill, Sweetman and Van de Gaer, 2001, and Checchi and Peragine, 2009) . Nonetheless, recent developments in certain theories of justice alert to the possibility that responsibility factors and non-responsibility factors are not independent (Betts and Roemer, 2005) . The study by Bourguignon, Ferreira and Menéndez (2007) is a key empirical reference for that hypothesis. With data on Brazil, these authors show that circumstances have direct and indirect effects on total inequality. The indirect effect reflects the influence of circumstances on effort. In short, circumstances are responsible for about 23% of total inequality: 13 percentage points through the direct effect and 10 percentage points through the indirect effect.
It is therefore possible that the results obtained up to that point in time, were affected by the hypothesis of independence between the two sets of variables. Accordingly, a robustness analysis needs to be performed, based on a simple procedure: the effect of circumstances on effort needs to be isolated, particularly in the years of the study; and whether the omission of circumstantial variables affects the entropies also needs to be analysed. 14 For the robustness analyses, an equation is estimated in which years of schooling are explained by a set of variables that are outside the scope of individual responsibility. This provides the total number of years of schooling without the effect of circumstances (years of schooling minus years of study predicted by the variables); the entropy distances between the low-and high-effort groups are calculated, considering this new variable; and, lastly, a test is conducted to see whether the distance between the two groups is significant.
The data used in the estimations come from the social supplement of the 1996 pnad, which summarizes information relating to the circumstances of the individuals, such as education, schooling, and the occupation of the parents of the selected persons (family background). For these years, the effort variables described above are used, along with a vector of circumstantial variables, defined by: (i) a dummy race variable, which takes the value 1 in the case of non-white persons (black, mixed race and indigenous) and zero for whites (including Asiatics); (ii) a dummy variable for the regions, which takes the value 1 if the individual lives in the most dynamic regions of the country (south, south-east and centre-west) and zero otherwise (north and north-east regions); (iii) the education of the father and mother, expressed in years of schooling, and (iv) the father's type of occupation, according to the six categories proposed by Pastore and Silva (2000) . 15 Figure 4 shows the difference between actual and predicted years of schooling (the latter defined as years of schooling controlled for the effect of circumstances). The entropy is calculated on the basis of the creation of the low-and high-effort groups in the variable "predicted years of schooling". Low-effort is assigned to individuals with less than five years of schooling predicted (including the two first modes of the discontinuous plot curve) and high-effort for other individuals. The result of the entropy (0.4023) shows that there has been no significant reduction, compared to the entropy for 1996, without considering the circumstantial variables (entropy = 0.4447). In that regard, while bearing in mind that the two sets of variables, effort and circumstances, are not independent, there is no clear change in the distance between the two effort groups, thereby demonstrating the plausibility of the results described in steps 1 to 3. 
IV
Discussion of the results
As noted above, the entropy metrics represent a measure of the inequality of effort between individuals. By isolating the effect of each variable, the aim is to test its power to explain the income differentials between the groups, as quantified by the distance between the distributions. Some of the results obtained should be highlighted for their theoretical and practical implications. One of these is the reduction in inequality when education is considered as an effort factor. The role of education in the income distribution can help expand or narrow gaps between individuals, depending on its rate of return and the composition of the population by education level. When describing the structure of income inequality in Brazil, Ferreira and others (2006) suggest that the reduction in total income inequality attributable to education differences reflects the rising education level of the labour force. The increase in the relative supply of individuals with primary and secondary education probably caused a reduction in the average rate of return to education, thereby reducing the wage differential between such persons and those with less education (Menezes-Filho, 2001 ).
Another factor that could explain that result is the expansion of social income-transfer programmes and the fact that these have targeted the poorest individuals. As many individuals in that segment of the population have few years of schooling, incomes in the low-effort group were raised during the period, so the distance from the high-effort group (higher level of schooling) narrowed. Another possible explanation for the narrowing of the distance between the curves could relate to a fall in the quality of education. Although educational policies have made it possible to increase the population's average number of years schooling, this does not necessarily guarantee higher skill or, therefore, significant wage increases. The trend of labour-market status reveals an increase in income differentials between formal and informal workers. It is generally believed that the formal sector offers higher wages because of its intrinsic characteristics. Nonetheless, studies such as those of Menezes-Filho, Mendes and De Almeida (2004) provide clear evidence of an self-selection bias, suggesting that the reason why the formal sector offers better wages relates primarily to unobservable individual attributes of the workers themselves.
The results obtained can also be analysed in the light of a number of government policies, including those that have promoted social transfer programs, such as the Bolsa Família family subsidy program, and mechanisms for raising the minimum wage, used as tools to reduce income disparities and poverty. Nonetheless, despite the reduction in inequality in Brazil in recent years, some studies question the effective influence of the succession of minimum wage hikes that have been implemented by the government (Barros, Carvalho and Franco, 2006) and the contribution made by the Bolsa Família program (Soares, 2006) .
Since the implementation of the Real Plan, the minimum wage has been increased nearly every year. Nonetheless, these real increases have proven ineffective in terms of redistribution, since most individuals who earn the minimum wage are not considered poor under the Brazilian the poverty criterion (Saboia, 2006 ). An example of this situation is provided by the northeast region, where a large proportion of workers earn incomes below the minimum wage and, therefore, do not benefit when it is raised (Institute of Applied Economic Research-ipea). According to Giambiagi and Franco (2007) , the average real income of workers fell in that period.
Between 1995 and 2009, the minimum wage rose by more than productivity growth (increase in per capita gdp) nearly every year. In 1997, it was raised by 7%, whereas productivity grew by around 3%; and the entropy value with respect to hours worked, as an effort factor, was lowest in that year. That confirms the belief that, given the circumstances, there are few incentives to increase skills and improve labour-market status.
Nonetheless, the minimum wage policy does have a significant effect on the labour market, but most of all in the case of workers in the informal sector of the economy (Menezes-Filho, Rodrigues and De Souza, 2009 ). In short, while minimum-wage hikes can help reduce poverty, it is also possible to discern negative effects in the labour market when the increases outpace wage-earners' productivity. Maloney (2000) states that the minimum wage is also a significant determinant of employment and wages in the informal sector in most Latin American economies.
V
Final thoughts
This article has analysed the trend of the inequality of opportunities in Brazil between 1995 and 2009, in relation to a set of effort variables. For that purpose, data for the period from the National Household Surveys (pnads) have been analysed, following a non-parametric approach presented in Racine and Li (2004) , both to estimate the income function and to determine the distribution of income between individuals. Two groups were created, one of low effort and another of high effort; and inequality between the two groups was evaluated by using metrics of the entropy distance between the two income levels.
The results reveal a reduction in the explanatory power of years of schooling in the income differential between the groups, and a very weak participation by migration. The robustness analysis for 1996, based on information from that year's pnad social supplement, revealed that the omission of circumstantial variables for other years, such as family background, did not significantly change the results, thereby corroborating the plausibility of the strategy used. Future improvements to this study could include: an analysis of the true reasons why the education has lost capacity to explain income inequality; an exploration of optimal policies for reducing inequality of opportunities and stimulating differences through effort; and more in-depth discussion of fairness criteria as applied to Brazil. 
